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Abstract: This paper examines the effects of aging and income subsidies on farm efficiency in
Korea by utilizing the Korean Farm Household Economic Survey from 2008 to 2015. A stochastic
frontier model with a non-monotonic assumption on the effect of efficiency factors is implemented
to reflect a super aging and less developed production structure in Korean agriculture. This study
finds continuously decreasing farm efficiency with age, which contradicts the commonly assumed
inverted-U relationship between age and productivity. Especially, we find that labor is the most
important factor to explain recent farm efficiency losses in Korea. Furthermore, this paper finds that
the Korean income subsidy has a negative effect on farm efficiency. Our results provide two policy
implications for the government of Korea. First, even though the “Returns to the Farm and Rural
program” is appropriate, Korea should modify the program to encourage more young people to
participate this program rather than old people, in order to attain the sustainable development of
the agricultural sector. Second, a policy maker in Korea should consider a coupled subsidy that is
directly related to farm production rather than a decoupled subsidy, regardless of the lower efficiency
of the coupled subsidy in achieving agricultural development.

Keywords: aging; farm efficiency; income subsidy; non-monotonic assumption; returns to the farm
and rural program

1. Introduction

In most parts of the world, the increasing age structure of the population (hereafter called
“aging”) is a common phenomenon due to lower fertility rates and longer life expectancy [1].
Without controversy, aging has a negative effect on labor participation based on a reduction of
working-age people [2], which implies a declining labor supply. However, the relationship between
aging and productivity is not settled [3]. Aging is associated with positive factors of productivity,
such as experience and skills, as well as negative factors such as technical knowledge and creativity.
Considering that productivity is closely related to economic growth, the impact of aging on
development issues is also not settled. In other words, previous studies do not answer the question of
whether sustainable development is possible in terms of aging and productivity.

Many studies have investigated the effect of aging on productivity for many industries, and find
different results depending on industrial characteristics [4]. Even though aging is severe in the
agricultural sector of many countries, due to rural–urban migration from industrialization and
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urbanization, only a few studies, such as Abdulai and Eberlin [5], Chen et al. [6], and Li and Sicular [7]
have investigated the effects of aging on agricultural productivity (efficiency). In addition, previous
literature on farm technical efficiency does not focus on the role of aging. They normally assume an
inverted-U relationship between aging and technical efficiency to control the aging effect on farm
technical efficiency, and find that age has a positive effect on farm efficiency up to a certain point, and
a negative effect after that.

However, the inverted-U assumption is suspect, since there is no consensus about the total effects
from aging on dependent skills such as experience and physical and cognitive skills. To be specific,
Skirbekk [8] finds that older workers have higher productivity compared with younger workers in
jobs that require experience and verbal abilities, such as word power, analogies, sentence correction,
and verbal reasoning. On the other hand, Stones and Kozma [9] investigate how physical abilities
decline with age, at least beyond the age of 30 to 35. Salthouse [10] finds that the effect of age on
cognitive skills, such as memory, reasoning, spatial visualization, and speed for digital symbols,
varies depending on data type. When cross-sectional data are used, age has a negative effect on
cognitive skills, whereas age has a positive effect for longitudinal comparisons. This suggests that
older individuals have lower cognitive skills at a point in time, but that older people now have better
cognitive skills than older people decades ago. To sum up, the literature is unclear about the exact
relationship between aging and productivity.

To find the correct relationship between aging and farm technical efficiency, we should relax
the assumption of an inverted-U relationship. One way to relax this assumption is the method of
Wang [11] on the stochastic frontier production function (SFPF). Contrary to the previous literature
with age and age square, Wang [11] allows a variable (age in this case) to have a more flexible effect on
farm efficiency within an SFPF by relaxing the monotonicity assumption; so, we are able to estimate
the average marginal effect of age on farm efficiency without the assumption of the predetermined
quadratic structure of aging effect. We believe that the method of Wang [11] allows us to find the
overall shape of the age effect on farm efficiency. It is important to evaluate the role of aging on
agricultural sustainable development.

This study focuses on South Korea (hereafter called “Korea”), which has experienced a rapid aging
phenomenon that is particularly severe in the agricultural sector. According to the Farm Household
Economic Survey (FHES), the average age of a Korean farm manager has increased from 59.9 to 68.3
between 2003–2015 (http://kostat.go.kr/portal/eng/surveyOutline/1/6/index.static). This rapid
aging of Korean farmers can be explained by rapid industrialization. Rural-to-urban migration in
Korea has been especially severe, since Korea has a comparative disadvantage in agriculture. Based on
the revealed comparative advantage (RCA) results of Yoon and Kim [12], Korea has a comparative
disadvantage in the agricultural sector. In addition, agricultural imports have increased due to reduced
trade barriers from free trade agreements (FTA) since the 2000s. The Korea government has reformed
its agricultural subsidy system from market price supports to decoupled income subsidies since
2005 to protect and sustain the agricultural sector in line with the World Trade Organization (WTO)
Agricultural Agreement. Decoupled income subsidy is defined as a government payment that is not
linked to the farm production, whereas couple income subsidy is directly related to farm production.
In other words, a financial support is provided to the farmers regardless of the farm production with
the decoupled income subsidy. The effect of the income support program on technical efficiency is
unclear, since Zhu and Lansink [13] point out that there is a controversial income effect from the
subsidy. If the income effect from the subsidy leads farmers to invest in facilities or technologies,
then the income subsidy will have a positive effect on farm efficiency. If the income effect reduces
the invest motivations of farmers, then the income subsidy will have a negative effect on technical
efficiency. However, the impact of the income subsidy on agricultural efficiency in Korea has not
been investigated.

The main objective of this study is to investigate the impact of aging on farm productivity in Korea
by employing the FHES dataset. We capture the different marginal effect of age on farm efficiency by
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assuming a non-monotonic property of the effect, as suggested by Wang [11]. Furthermore, this paper
tests the impact of the current income subsidy on farm efficiency in Korea, and examines what factors
are important to improve farm efficiency by exploring farm and farmer characteristics. From the results,
we also try to infer the role of aging on agricultural sustainable development in Korea, as well as the
role of income subsidy or other key factors.

2. Literature Review

Although aging is related to productivity by many factors, such as physical skills, cognitive skills,
and experience, a profile of age-productivity may differ by industry, since each industry requires
different activities and skills [4]. In this regard, many studies such as Börsch-Supan and Weiss [14],
Cardoso et al. [15], Crepon et al. [16], and Daveri and Maliranta [17] have investigated the impact of
aging on productivity by focusing on the non-agricultural sector in different countries or industries.
According to Li and Sicular [7], aging is potentially severe in the agricultural sector compared to other
sectors; however, only a few studies have investigated the relationships between age and productivity
in the agricultural sector based on our best knowledge.

Most of the studies that have focused on age and agricultural productivity examined farm
technical efficiency with an assumed inverted-U relationship between age and technical efficiency.
Bravo-Ureta et al. [18] reviewed 167 farm-level technical efficiency studies to examine the impact
of various attributes on technical efficiency estimates using meta-regression analysis. Among 167
reviewed studies, only 23 studies incorporated an age variable to estimate farm efficiency, and of
those, seven studies used age and age-square to impose the inverted-U assumption. The other studies
assumed a linear relationship between age and farm efficiency.

Liu and Zhuang [19] investigated operator age, which is one of their efficiency variables, in order
to capture the impact of physical strength and farm experience on efficiency by employing farm-level
data in China from a rural household sample survey in 1990. They found that farm efficiency increases
until the household head reaches the age of 40, and declines afterward. Abdulai and Eberlin [5]
measured the technical efficiency of maize and bean farmers based on a cross-section survey of
120 households in Nicaragua during April 1994 and March 1995. They found that improvements
in technical efficiency were explained by the operator’s education, age, access to credit, and family
size. They also found that the farm’s efficiency increased as the household head ages initially, but
begins to decrease the age of 38.7 years for maize and 39.5 years for beans. Fuwa et al. [20] utilized
farm-level and plot-level rice data to estimate a translog stochastic frontier production function for
farms in eastern India. They incorporated the household head’s age as a proxy for farming experience,
and found that learning from experience plays an important role in increasing farm efficiency. A recent
study by Li and Sicular [7] employed a translog stochastic frontier production function to estimate the
impact of age on the technical efficiency of Chinese crop producers using a panel survey data from
2004 to 2008. They found that a farm’s technical efficiency increased until the farmer was 45 years old,
and declined after that. They argued this relationship captures the lack of incentives and motivation,
risk-aversion tendency, and lower ability or willingness of older farmers to adopt new technology.

The results of previous studies such as Abdulai and Eberlin [5] and Li and Sicular [7] suggested
the existence of a maximum farm efficiency according to age, which is driven by the assumption of
an inverted-U shape. However, there is no evidence or validation for using a specific form on the
relationship between age and farm efficiency. Considering that aging can be positively or negatively
correlated with productivity, a specific functional assumption about the relationship between age and
farm technical efficiency may not be appropriate. This paper utilizes the non-monotonic assumption
initially suggested by Wang [11] to investigate the relationship between aging and farm productivity
in Korea.
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3. Data

This study utilizes the Korean Farm Household Economic Survey (FHES), which is an annual
national survey conducted by Statistics Korea. About 3000 farm households are randomly selected and
replaced every five years by Statistics Korea. The FHES contains detailed information about managerial
characteristics and economic activities such as the farm resources, financial conditions, revenues, and
expenses of sample households. The FHES originally started in 1953, and is designed to improve
agricultural management and establish agricultural policies. FHES is similar to the Agricultural
Resource Management Survey (ARMS) of the United States Department of Agriculture (USDA) in
terms of the overall survey procedures, questionnaires, and data generating systems. This paper
employs two sample periods of the FHES between 2008–2015 to capture the most recent information.
Specifically, our unbalanced panel dataset is composed of two different sub-panels spanning a five-year
(2008–2012) and a three-year (2013–2015) period, respectively. The maximum, minimum, and average
time period of farm households on our dataset are five, one, and 3.2, respectively. Among all of the
types of farms in Korea, we selected crop farms that receive more than one-half of their total farm
revenues from crops. In the FHES database, crops consist of six categories: rice, other grains, vegetables,
fruits, flowers, and special crops (including medical crops such as ginseng). Meanwhile, livestock and
dairy farms are not included in our sample due to their different production structure compared with
crop farms.

To estimate farm efficiency, both production and inefficiency functions need to be considered
simultaneously in a stochastic frontier production model [21]. For the farm production function, we use
total farm sales of crops, which are the main agricultural products of Korean farmers as an output,
and land, labor, capital, and intermediates as four inputs. Cultivated land and labor are measured in
area and hours, respectively. Agricultural fixed assets other than land and livestock are used as proxies
for capital input, and are measured in value terms. Expenditures on fertilizer, pesticide, seed, water,
electricity, fuel, etc. are used as intermediate inputs and measured in value terms. All of the values are
deflated by 2010 prices using product-specific nationwide price indices to remove systematic variation
in prices. To investigate the sources of inefficiency in farm production, we incorporate the following
characteristics as explanatory variables: leading farmer’s age, gender, educational attainment, family
size, the proportion of family labor relative to total labor hours, farm household’s liability (or debt)
ratio, the share of non-agricultural revenue in farmers’ income, and the share of decoupled income
support in farm income.

Table 1 shows the descriptive statistics for all of the variables used in the analysis (from 2008 to
2015). Farm outputs, total labor, cultivated arable land, intermediate input expenditures, and fixed
agricultural assets vary greatly, because this is farm-level data. This also indicates that farm crop
production and the structure of inputs have changed much since 2008. The average age and average
educational attainment are 66.7 and 8.1, respectively, indicating that Korean farmers are old and not
very educated. Considering the family size and percent of labor supplied by the family, 2.6 and 78.2%,
respectively; in other words, most Korea crop farms are small.

The debt ratio, which is defined as the total debt of the farm household divided by its agricultural
assets, has a high standard deviation and rose rapidly on average from 1.5% in 2008 to 23.5% in 2015.

This phenomenon could indicate that the deficit between income and expense has an increasing
trend, since farm investment does not increase during the sample period with respect to inputs of
capital and the intermediate good (Table 1). The higher debt ratio may have a negative effect on farm
efficiency due to credit constraints on purchasing sufficient inputs or adopting effective technologies.
As shown in Table 2, non-agricultural revenue accounts for about one-third of farm household revenue
in Korea.
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Table 1. Descriptive statistics of estimation variables for each sample year.

Variables Statistics 2008 2009 2010 2011 2012 2013 2014 2015

Y Mean 25,859 26,466 25,816 24,329 22,208 25,830 25,265 24,432
S.D. (700) (738) (808) (890) (608) (813) (827) (785)

L Mean 1400 1404 1337 1333 1270 1390 1255 1179
S.D. (30) (30) (28) (27) (26) (30) (28) (27)

K Mean 278,704 277,666 272,416 268,152 279,663 288,012 294,610 293,508
S.D. (8198) (8080) (7830) (6770) (7185) (9077) (9181) (8948)

A Mean 187.5 186.2 184.9 185.4 185.4 182.3 175.7 171.2
S.D. (4.6) (4.8) (5.0) (4.8) (5.0) (5.6) (5.0) (4.9)

M Mean 4,302 4261 4630 4624 4,550 5208 4542 4493
S.D. (146) (126) (150) (143) (145) (191) (152) (146)

Age Mean 64.2 65.2 66.1 66.8 67.8 67.0 68.0 68.8
S.D. (0.21) (0.21) (0.20) (0.20) (0.20) (0.22) (0.21) (0.21)

Education Mean 8.0 8.0 7.9 8.0 8.0 8.4 8.3 8.3
S.D. (0.08) (0.08) (0.08) (0.08) (0.08) (0.08) (0.08) (0.08)

Gender Mean 0.06 0.07 0.08 0.08 0.08 0.06 0.10 0.11
S.D. (0.005) (0.005) (0.006) (0.006) (0.006) (0.005) (0.006) (0.007)

Family Size Mean 2.81 2.77 2.72 2.66 2.61 2.62 2.42 2.37
S.D. (0.025) (0.025) (0.023) (0.023) (0.022) (0.023) (0.020) (0.019)

Share of Family Labor Mean 76.8 77.8 78.1 78.7 79.3 78.4 78.7 77.9
S.D. (0.37) (0.36) (0.36) (0.35) (0.34) (0.40) (0.38) (0.40)

Debt Rate Mean 1.5 7.8 9.6 15.0 17.3 27.0 17.0 23.5
S.D. (0.11) (0.77) (1.59) (1.42) (2.59) (11.35) (3.71) (7.57)

Share of Non-farm Rev. Mean 35.3 37.0 36.1 34.3 34.2 33.7 34.7 35.2
S.D. (0.66) (0.68) (0.68) (0.67) (0.73) (0.72) (0.68) (0.69)

Share of Subsidies Mean 14.1 19.1 20.4 44.8 41.2 37.1 15.4 28.3
S.D. (1.03) (0.93) (1.34) (22.17) (20.72) (16.81) (12.03) (3.59)

Note: Standard deviations are reported in parenthesis.
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Table 2. Dependent and independent variables and their descriptions.

Variable Description Mean Std. Dev.

Frontier Y Farm Sales (in thousand Won) 25,005 37,228
L Total Labor (in hours) 1320 1350
K Agricultural fixed assets (in thousand Won) 281,358 391,738
A Cultivated arable land (in acres) 182 238
M Intermediate input expenditures (in thousand Won) 4567 7192

Inefficiency Age Age of farm operator (in years) 66.73 10.05
Education Year of education for farm operator (in years) 8.10 3.74

Gender =1 if farm operator’s gender is female; otherwise 0 0.08 0.27
Family Size Number of household members 2.63 1.10

Share of Family Labor Family labor/Total labor (%) 78.22 17.76
Share of Own Land Own land/Total cultivated land (%) 62.61 34.69

Debt Rate Total debts/Total assets (%) 5.94 16.61
Share of NF. Rev. Non-farm revenue/Total revenue (%) 35.09 32.73
Share of Subsidies Income subsidy/Total income (%) 23.30 23.93

Notes: All of the figures are based on 18,468 farm household observation from the Farm Household Economic
Survey (FHES) for 2008–2015.

There are two main schemes of decoupled income subsidies, which are separately recorded in
the FHES as Public subsidy and Agricultural subsidy. The main public subsidy is the Basic Old Age
Pension (BOAP) system for those aged 65 and over, which was launched in 2008 with a monthly
allowance of up to 90,000 won. The Korean government reformed this system in 2014 by restricting
its qualification to the elderly in the bottom 70% income group as well as by linking the BOAP
to the National Pension (NP) so that the maximum monthly allowance increased to 200,000 won
depending on what the NP plan pays to a recipient. It is considered effective for income redistribution,
particularly in super-aged rural areas. Direct payments are the other types of targeted support for
farmers. Among agricultural direct payments, the fixed payment for paddy fields enrolled for the
1998–2000 crop years is a representative decoupled direct payment in Korea. In 2005, Korea established
an income support program for rice farmers, and abolished the “Rice Purchase Program”, which was
one of market price support programs. The income support program is composed of a fixed payment
scheme for paddy fields and deficiency payment for the targeted rice price. From the recent Korea
notifications for domestic agricultural supports to the WTO, the average fixed direct payment for
paddy fields was 646 billion won during the period from 2008 to 2011. It occupies about 10% of the
average total domestic support and 1.6% of the average total agricultural production at the same
period (WTO, G/AG/N/KOR/43, 53 available at docsonline.wto.org). The amount of the payment is
700,000 won/ha, and is not related to the type or volume of production. The sum of the two subsidies
is used as the variable ‘decoupled income subsidy’.

The main variable, Age, is expected to have a significant relationship with production efficiency,
since age is related to a farmer’s skills and experience. As mentioned before, the age-dependent
physical and cognitive skills are not likely to change much until a certain age, but they will decline
thereafter. Experience is expected to have a positive relationship with farm efficiency, and the effect
of experience on efficiency also might decrease with additional years of farming after a certain point.
Therefore, the combined effect of age-dependent skills and experience on farm efficiency are expected
to have a non-linear relationship.

Figure 1 illustrates how the age distribution of Korean farm operators has changed. It shows
that the average age has increased in the last 15 years. The proportion of the population aged 65 and
older in farm households was 38.4% in 2015, which is more than three times the average for Korea
(http://kostat.go.kr). In our sample, a super-aged agricultural sector is reconfirmed by the proportion
of farm operators aged 70 and older reaching 30.9% in 2010 and increasing by 6.9 percentage points
by 2015.

http://kostat.go.kr
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Figure 1. Age Structure of Korean Farm Operators in 2000, 2010, and 2015. Source: Census of
Agriculture, Statistics Korea, 2000, 2010, 2015.

Educational attainment, or human capital, is expected to be positively associated with farm
efficiency. A higher level of human capital results in the reallocation of farm resources more effectively
in response to changes in relevant information, technology, and economic conditions. Table 3 shows
how aging and education are inversely related. In our sample, most farmers under age 50 had more
than a high school education (12 years), whereas most farmers over 50 had less than a middle school
education (9 years).

Table 3. Educational attainment for each age group.

Age
Educational Attainment

No School Elementary Middle High Associate Bachelor Advanced Total

30 and less
9 57 15 15 1 97

(0.05) (0.31) (0.08) (0.08) (0.01) (0.53)

40 to 49
38 125 619 110 113 1 1006

(0.21) (0.68) (3.35) (0.60) (0.61) (0.01) (5.45)

50 to 59
48 728 823 1449 137 123 9 3317

(0.26) (3.94) (4.46) (7.85) (0.74) (0.67) (0.05) (17.96)

60 to 69
242 2456 1554 1,306 88 152 29 5827

(1.31) (13.30) (8.41) (7.07) (0.48) (0.82) (0.16) (31.55)

70 to 90
897 3482 1131 987 58 152 5 6712

(4.86) (18.85) (6.12) (5.34) (0.31) (0.82) (0.03) (36.34)

80 and over
426 786 131 124 15 24 3 1509

(2.31) (4.26) (0.71) (0.67) (0.08) (0.13) (0.02) (8.17)

Total
1613 7490 3773 4542 423 579 48 18,468
(8.73) (40.56) (20.43) (24.59) (2.29) (3.14) (0.26) (100.00)

Note: Numbers in parentheses are percentages of the observations.

4. Methodology

To utilize the panel data for the SFPF, this paper adopts the SFPF of Battese and Coelli [21]
and employs the method of Wang [11] to allow a non-monotonic relationship for age on farm
technical efficiency.

4.1. Stochastic Frontier Model

Aigner et al. [22] and Meeusen and van Den Broeck [23] independently proposed the stochastic
frontier production function (SFPF) that has two random components: random error and technical
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inefficiency. Their SFPF can be estimated using cross-section and panel data [24]. Many efficiency
studies, such as Khai et al. [25], have utilized a two-stage estimation based on the stochastic frontier
production function. In the first stage, the SFPF allows us to estimate the inefficiency of each farm under
the assumption that all of the observations from estimated efficiency are identically distributed. In the
second stage, the estimated inefficiency is regressed on farm-specific characteristics. This two-stage
estimation method has a crucial econometric problem, since the inefficiency effects in the second
stage contradict the assumption of independence [26]. To solve the econometric problem, we used
the single-stage approach of production technology and farm inefficiency as proposed by Battese
and Coelli [21], Huang and Liu [27], Kumbhakar et al. [28], and Reifschneider and Stevenson [29].
This single-stage approach is strongly supported by Monte Carlo evidence [30]. Among the single-stage
approaches, this paper adopts the model by Battese and Coelli [21] to utilize the panel stochastic frontier
production function as:

Yit = exp(xitβ + Vit −Uit) (1)

where Y represents the farm production, x is a (1× l) vector of inputs, β is a (1× l) vector of parameters,
i is the i-th farm, t is time, Vit is assumed to follow i.i.d N

(
0, σ2

v
)
, and Uit is the non-negative random

variable of technical efficiency.
The technical inefficiency term, Uit, is specified by the following equation:

Uit = zitδ + Wit (2)

where Uit is composed of the mean (zitδ) and the variance (σ2) with the truncated normal distribution
at zero, zit is a (1×m) vector of technical inefficiency explanatory variables, δ is a (1×m) vector of
parameters, and Wit follows the truncated normal distribution with zero mean and variance of σ2.
If all of the elements of the δ′s are zero, then the z variables do not explain technical inefficiency. In this
case, the model of Aigner et al. [22] is utilized for the analysis.

The technical efficiency of production for farm i and time t is defined by the following equation:

TEit = exp(−Uit) = exp(−zitδ−Wit) (3)

The conditional expectation method is utilized to predict the technical efficiencies based on the
model assumptions.

4.2. Non-Monotonic Efficiency Effect

This study utilizes the non-monotonic efficiency effects method that is suggested by Wang [11] to
control for the non-constant impacts of variables. The non-monotonic efficiency effect allows us to
assume that zit can have both positive and negative effects on farm efficiency depending on the value
of zit. For example, age can have a positive (negative) effect on farm efficiency within a certain range
of age, but the opposite effect outside of that range.

To allow for non-monotonicity, Wang [11] specifies the marginal effect of z[k] on E(Uit) or V(Uit),
so it can have a positive or negative value in the sample space. To derive the marginal effect of z[k],
Wang [11] defines the first two moments (mean and variance) of Uit:

m1 = f (µit, σit) = σit

[
Λ + φ(Λ)

Φ(Λ)

]
m2 = f (µit, σit) = σ2

it[Λ−[
φ(Λ)
Φ(Λ)

]− [ φ(Λ)
Φ(Λ)

]2]
(4)

where Λ = µit
σit

, φ is the probability density function of the standard normal distribution, and Φ is the
cumulative density function of the standard normal distribution.
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Combining Equation (2) and the condition for heteroskedasticity (σ2
vi = exp

(
h′i∅

)
) with two

moments, we can derive the marginal effects of z[k] (the kth explanatory variables for farm efficiency)
on E(Uit):

∂E(Uit)

∂z[k]
= δ[k]

[
1− [

φ(Λ)

Φ(Λ)
]− [

φ(Λ)

Φ(Λ)
]
2
]
+ h[k]

σit
2

[
(1 + Λ)2[

φ(Λ)

Φ(Λ)
]+Λ[

φ(Λ)

Φ(Λ)
]
2
]

(5)

where δ[k] and h[k] are the corresponding coefficients from Equation (2) and σ2
vi = exp

(
h′i∅

)
,

respectively. The marginal effect in Equation (5) is the summation of the adjusted slope coefficients
from functions of mean and variance.

4.3. Empirical Model

The stochastic frontier function in Equation (3) is estimated under two alternative functional
forms: the Cobb–Douglas and the translog. The Cobb–Douglas functional form assumes that all of the
farms have the same production elasticities, and the substitution elasticities between production inputs
are equal to one. The translog function, which is more flexible, captures possible substitutions among
inputs and provides different input elasticities across individual farms. Our translog production
frontier takes the form:

ln(Yit) = β0 +
5

∑
j=1

γj +
15

∑
k=1

θk +
4

∑
l=1

βl ln
(

xl
it

)
+

4

∑
m=1

4

∑
n=1

βmn ln(xm
it ) ln(xn

it) + Vit −Uit (6)

where β0 is a constant term, γj is a dummy coefficient for farm type j, θk is a dummy coefficient for
region k, the input vector x is indexed by l m n, and all of the other variables are the same as Equation
(3). These dummy variables are included to control for any variation in the measured output that
cannot be explained by differences in the measured inputs, except for the individual farm efficiency
caused by distinctive farm characteristics. Our output variable, crop sales, is an aggregate of multiple
products for each farm whose farm-type is defined by the product having the highest share of farm
sales. The six farm-types are based on the crop categories in the FHES (rice, other grains, vegetables,
fruits, flowers, and special crops). Therefore, any output difference caused by the farm-type would
be captured by γj. Regional variations in output may come from farm selling price, so 15 regional
dummy variables were added to account for this variation.

The farm-specific inefficiency function is defined as:

Uit = δ0 + δ1 Ageit + δ2 Eduit + δ3 D_ f eit + δ4 Sizeit + δ5 S_FLit + δ6 S_Dit
+ δ7 S_NFRit + δ8 S_ISit + Wit

(7)

where δ represents the parameters to be estimated, Age is the age of the farm leader, Edu is the
maximum education year of the farm leader, D_fe is a gender dummy (female = 1), Size is the family
size of the farm household, S_FL is the share of family labor, S_D is the debt rate, S_NFR is the share of
non-farm revenue, and S_IS is the share of income subsidy.

5. Results

The results of the estimated stochastic frontier functions with Cobb–Douglas and translog forms
are presented in Table 4. Based on the results of the likelihood ratio test (LR test), we find that the
translog is preferred over Cobb–Douglas. Specifically, the LR test statistics are χ2(15) = 883.4 with
a p-value of 0.000, which indicates that the translog is preferred to the Cobb–Douglas function.
The estimated input elasticities from the two production frontiers are similar, despite the strict
assumptions embedded in the Cobb–Douglas functional form. Based on Table 3, the estimated
output elasticities in the translog for labor, capital, land, and intermediate inputs are 0.48, 0.07, 0.25,
and 0.33, respectively. We use transformed data where the output and five inputs are measured relative
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to their sample means, so that the translog elasticities evaluated at means are simply the parameter
estimates (βi) themselves. Labor has the largest elasticity, followed by intermediate input and land.
These results are similar to Kwon and Lee [31], who investigated Korea rice farm productivity. The sum
of the elasticities of all of the inputs is 1.12, which is statistically different from 1 (χ2(1) = 415.26 with a
p-value of 0.000), suggesting increasing returns to scale for crop farms in Korea. Even though crop farms
in Korea have increasing returns to scale, the share of agriculture value added in GDP has decreased
since 1990 based on the World Bank Database. A possible explanation is the limitations on agricultural
land and labor due to strong competition in manufacturing and service industries. In addition, Korea
has chosen an export-led growth policy based on manufacturing goods, which leads to a shift in labor
and land toward the manufacturing sectors. The low elasticity of capital is not consistent with previous
studies, such as Battese and Broca [32], Fuwa et al. [20], and Sharif and Dar [33]. This result could be
explained by excessive investments in agriculture from the large-scale government subsidies that aim
to compensate for losses in the agricultural sector from trade liberalization, such as the 1990s WTO
regime and free trade agreements (FTAs).

Table 4. Parameter estimates for the Cobb–Douglas and translog functions.

Cobb–Douglas Translog

Coeff. Std. Err. Coeff. Std. Err.

Frontier ln L 0.501 *** 0.007 0.475 *** 0.008
ln K 0.069 *** 0.004 0.069 *** 0.004
ln A 0.225 *** 0.006 0.249 *** 0.006
ln M 0.313 *** 0.005 0.326 *** 0.005

(ln L)2 0.118 *** 0.007
(ln K)2 0.002 0.001
(ln A)2 −0.004 0.004
(ln M)2 0.049 *** 0.003

ln L × ln K −0.005 0.006
ln L × ln A −0.057 *** 0.009
ln L × ln M −0.086 *** 0.009
ln A × ln K 0.014 *** 0.004
ln K × ln M −0.006 0.005
ln A × ln M −0.012 ** 0.006

Constant 0.682 *** 0.024 0.622 *** 0.024

Inefficiency Age 0.050 *** 0.005 0.059 *** 0.006
Edu 0.059 *** 0.01 0.082 *** 0.013

Gender 0.452 *** 0.095 0.566 *** 0.127
Family Size −0.220 *** 0.031 −0.250 *** 0.039

Share of Fam. Labor 0.043 *** 0.004 0.048 *** 0.005
Share of Own Land 0.008 *** 0.001 0.012 *** 0.002

Debt Rate 0.006 *** 0.001 0.011 *** 0.002
Share of NA. Rev. 0.042 *** 0.003 0.055 *** 0.004
Share of Subsidy 0.0001 ** 0.00003 0.0001 ** 0.00004

Constant −11.528 *** 1.0001 −14.820 *** 1.321

σu 1.096 *** 0.049 1.297 *** 0.059
σv 0.37 *** 0.004 0.355 *** 0.004
λ 2.962 *** 0.048 3.653 *** 0.059

Log Likelihood −13,410 −13,100
Obs. 18,470 18,470

Notes: A positive sign for a parameter in the inefficiency model indicates that the associated variable has a
negative impact on technical efficiency. Significance levels are indicated by **, *** for 5% and 1% significance levels,
respectively. Three sets of dummy variables (farm-type, region, year) were statistically significant, but are not
reported due to space constraints. They are available from the corresponding author.

Based on the LR test result, this study only focuses on the results of efficiency estimators in the
translog function. The estimated value of 3.65 (λ = σu/σv) represents the relative ratio between the
truncated standard errors in the inefficiency function and the standard errors in the random errors
of the stochastic frontier function. This result indicates that any variation in technical inefficiency is
a significant component of the total variation of output [21]. The technical inefficiency term, −Uit,
represents a loss in farm productivity. Our empirical results reveal that age, education, gender, the debt
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ratio, and the share of decoupled income support are negatively associated with efficiency. On the
other hand, family size appears to have a positive effect on efficiency.

The variable of Age has a negative (positive) effect on farm efficiency (inefficiency). Figure 2 is
composed of two graphs. The top graph represents the overall farm efficiency according to age, and
the bottom graph shows the average marginal effect of age on farm inefficiency. According to Figure 2,
the marginal efficiency and therefore average efficiency declines consistently for each higher-age group.
Figure 2 shows the results of a Kernel-weighted local polynomial smoothing for the technical efficiency
findings for various groups. The first graph shows the average efficiency by the age of the farmer.
The second graph shows the marginal effect of age on farm inefficiency. This finding contrasts with
previous literature such as Abdulai and Eberlin [5] and Li and Sicular [7], who assumed an inverted-U
relationship between age and farm efficiency. The negative marginal effect of age on farm efficiency
increases with age. In other words, farm efficiency is continuously decreasing in age.

Figure 2. Estimated Efficiency (top) and Marginal Effect of Age on Inefficiency (bottom), by Age.
Notes: M.E and C.I represent Marginal Effect and Confidence Interval, respectively.

The negative effect of education on farm efficiency is consistent with recent studies for China [6,7]
and the U.S. [34]. On the other hand, our finding is contrary to those of Abdulai and Eberlin [5], Battese
and Broca [32], and Liu and Zhuang [19], which use data for developing countries. These results
contradict human capital theory, and might be explained by the very low levels of education in the
sample. In our sample, 41.7% of farm leaders had only a primary school education, and 9.1% of
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them had no schooling at all. Another possible explanation for the negative effect of education is
job switching from agriculture to non-agricultural industries; people with higher skills don’t stay in
agriculture. Goodwin and Mishra [34] argued that the higher educational attainment of farmers may
cause more job switching from agriculture to non-agriculture. Considering that Korea is one of the
most rapidly developing industrialized countries, the probability of job switching out of agriculture
appears to be high compared with developing and less-industrialized countries.

Larger families tend to be more efficient than smaller families, because they have enough family
labor for farm operations. Yet a higher share of family labor reduces the efficiency of crop production.
This finding is contrary to the findings of Zhu and Lansink [13], who found that family labor is
more motivated or better skilled than hired labor. Since Korean farmers are aged and less educated,
our contradictory results with Zhu and Lansink [13] are not surprising. We also find that female farm
managers, occupying only 8% but with a gradually increasing trend in our sample, are less efficient
than male farm managers.

The debt rate is negatively associated with farm efficiency, indicating that less accessibility to
credit discourages farm innovations. The ratio of non-agricultural to agricultural revenue, implying
the income dependence of household on non-farm work, shows a negative relationship with farm
efficiency. This result is consistent with previous literature such as Abdulai and Eberlin [5] and
Huffmann [35], but contrary to Li and Sicular [7] and Zhengfei and Oude Lansink [36]. The negative
effect indicates that non-farm income in rural areas does not lead the farmer to invest in the farm
business to increase farm efficiency.

The share of decoupled income subsidies in total farm income is negatively associated with farm
efficiency. This is supported by the findings from Hennessy [37], Sckokai and Moro [38], Serra et al. [39],
and Zhengfei and Oude Lansink [36] in that increased income from decoupled subsidies lowers the
motivation for enhancement efforts toward farm productivity. Since farmers in Korea are older,
the income subsidy may not give motivations for innovations (remember that much of the subsidy is
targeted toward older Koreans). The decoupled support might be good to alleviate poverty, but it does
nothing to support the agricultural industry in Korea.

Table 5 presents the contribution of specific variables to efficiency change. During the sample
period of 2008 to 2015, farm efficiency fell by 0.084. Over 50% of this fall in farm efficiency is accounted
for by changes in age (30%), education (4%), family size (12%), and share of family labor (6%). The effect
of the aging farm population was the factor that had the largest effect among the variables.

Table 5. Contribution of specified variables to changes in efficiency between 2008–2015.

Variables Unit Average M. E. of
δp on E(Uit) (a)

Changes of Variables
(2008–2015) (b)

Contribution to Efficiency
Change −(a) × (b)

Age year 0.00559 4.53 −0.025
Education year 0.00768 0.33 −0.003

Gender Female = 1 0.05319 0.05 −0.003
Family Size person −0.02351 −0.44 −0.010

Share of Family Labor % 0.00451 1.08 −0.005
Share of Own Land % 0.00111 1.23 −0.001

Debt Rate % 0.00100 5.95 −0.006
Share of NF. Rev. % 0.00514 −0.11 0.001
Share of Subsidies % 0.00001 16.52 0.000

Total specified variables −0.053
Efficiency Change −0.084

Notes: Marginal effects are calculated from Equation (5) based on Wang [11]. The changes in the mean value of
variables during the sample period are reported in the fourth column. From 2008 to 2015, the average crop sales
(output) decreased by −5.53%. Thus, the aging of farm leaders caused a 2.5% decrease in output over the period.

6. Conclusions and Policy Implications

This paper investigates the impact of age on farm efficiency in Korea using the FHES longitudinal
dataset from 2008 to 2015 to examine the unclear relationship between aging and productivity.
We employ a translog stochastic frontier model based on Battese and Coelli [21] that allows an
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estimation of the farm production and efficiency functions simultaneously. Utilizing non-monotonic
assumptions by Wang [11], this study examines the different marginal effects of age on farm
efficiency. We also estimate the effect of Korea’s income subsidy on farm efficiency, as well as other
demographic variables.

Our results present that farmer age has a negative effect on farm efficiency for all of the age groups
in Korea. The magnitude of the marginal effect of age on farm efficiency increases with age, and recent
decreases in farm efficiency are largely explained by age. In other words, the aging structure of the
agricultural sector in Korea is the key factor hindering the development of sustainable agricultural in
Korea. Furthermore, we find that the Korean income subsidy has a negative effect on farm efficiency,
which implies even though Korea farmers earn more incomes, they do not tend to invest their extra
money in producing the agricultural products. One possible explanation is the super aging structure
of the agricultural sector in Korea. Aged farmers do not have an incentive to invest their money in
long-term perspectives, since they will retire soon. The report of the Korea Rural Economic Institute
(KREI) in 2016 found that farmers under 65 years old tend to invest much more than other groups
of farmers (http://lib.krei.re.kr/pyxis-api/1/digital-files/605ba745-b4f3-2a94-e054-b09928988b3c).
In turn, aging also hinders the impact of government policy on sustainable agricultural development
in Korea.

Findings from this study have policy implications for the existing literature on age and farm
efficiency, as well as sustainable agricultural development. First, this study finds that farm efficiency
in Korea is continually decreasing in age, but it is not linear, based on the non-monotonic assumption
proposed by Wang [11]. This implies that the recent policy of Korea, “Returns to the Farm and Rural
program”, is appropriate for achieving agricultural sustainable development in Korea. However, policy
makers in Korea should be careful about their target people’s age. Recently, most people who are more
than 50 years old participate in the “Returns to the Farm and Rural program”. Thus, policy makers
should develop a specific incentive policy to encourage young people to participate this program for
the achievement of sustainable development.

Second, the negative effect of income subsidy in Korea indicates that farmers do not invest their
income subsidy back into the farm. As we mentioned, this result might reflect the super-aged structure
of Korean agriculture, or its lack of comparative advantage. In turn, policy makers should consider
coupled subsidies rather than decoupled subsidies. Regarding decoupled income subsidy, farmers do
not have any duties to invest subsidies in their production. On the other hand, coupled subsidies force
farmers to invest money in their production processes. Even though the restriction may cause costs,
coupled subsidies are more appropriate for the development of sustainable agriculture.
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